for management decision making that must weigh numerous other factors" (Hoggan 1996; Simonovic 2002; Kundzewicz 2002 ).
Applications of multi-objective techniques to water resources management have come a long way since the early work of Maass et al. (1962) , Cohon & Marks (1973) and David & Duckstein (1976) , where the decision problems were formulated as linear programming vector optimization problems. There are also applications based on the multiattribute utility theory (Raiffa 1968) , where explicit tradeoffs between attributes are utilized. Other popular techniques used for discrete alternative evaluation include the Surrogate Worth Trade Off (Haimes 1974) , ELECTRE (Roy 1971), Analytical Hierarchy Process (Saaty 1980) and Compromise Programming (Zeleny 1973 (Zeleny , 1982 .
A typical flood management problem requires selection and implementation of the best structural and/or nonstructural solution from the set of potential alternatives.
Flood management problems include conflicting quantitative and qualitative evaluation objectives and multiple decision-makers. Multi-objective techniques help in evaluation and ranking of alternatives based on the objective values associated with each of the alternatives, and preferences of the various decision-makers. However, the flood management alternatives exhibit spatial variability.
The Geographic Information System (GIS) is a useful computer-based tool to assist in water resources management with spatially distributed variables. "Specific planning and management tasks for which GIS may be of assistance include comparative analysis, monitoring of dynamic processes, evaluation of current conditions, detection of changes, forecast of future developments, problem assessment, planning of action (e.g., mitigation), identification of regions that meet multiple criteria (e.g., site selection), identification and allocation of resources, analysis of policy options and the determination of cumulative effects based on spatial location" (Kaden 1993) . Many GIS applications in water resources management include the work of different research groups (Carver 1991; Banai 1993; McKinney & Maidment 1993; Pereira & Duckstein 1993; Tim 1997; Wolfe 1997) . GIS technology facilitates the decision-making process based on its analytical capabilities with spatial information and usually offers a graphical user interface which increases the decision-maker's comprehension of the spatial information. Based on these two additions to the water resources decision-making process, a GIS is often included as a major component in the development of water resources Decision Support Systems (DSS) (see, among others, Loucks & DaCosta 1991; Simonovic 1993 Simonovic , 1996 Simonovic , 1999 Walsh 1993; Fü rst et al. 1993; Leipnik et al. 1993; Watkins et al. 1996) .
Conventional multi-objective analysis techniques do not consider the spatial variability of the criteria values, which are used to evaluate potential alternatives. The criteria values, which they use, represent average or total impacts incurred across the entire region being considered.
Thus, in identifying the best solution from a set of potential flood mitigation alternatives using conventional multiobjective techniques, only the region as a whole is considered. By doing so the localized, and potentially negative, impacts resulting from the implementation of different flood protection alternatives are ignored. Consequently, the alternative identified as the best for an entire region may not be the best for all locations within that region. Tkach & Simonovic (1997) Programming technique the best alternative can be determined for the entire region. However, with the SCP the best alternative for each location within the region is determined. Though SCP is capable of accounting for the spatial variability of decision variables, it is unable to address various uncertainties associated with a complex system of multiple structural and non-structural alternatives, multiple objectives and multiple decision-makers.
Multi-objective decision-making is moving from optimization methods to more interactive decision tools (Bender & Simonovic 2000) . Some of the areas of current and future development are identified by Dyer et al. (1992) . One of them is: "sensitivity analysis and the incorporation of vague or imprecise judgments of preferences and/or probabilities in multi-attribute situations and decisions under uncertainty in which states are multidimensional." Traditional techniques for evaluating discrete alternatives such as ELEC-TRE (Benayoun et al. 1966) , AHP (Saaty 1980) , Compromise Programming (Zeleny 1973 (Zeleny , 1982 ) and other do not normally consider uncertainties involved in procuring criteria values.
Sensitivity analysis can be used to express decision-maker uncertainty (such as uncertain preferences and ignorance), but this form of sensitivity analysis can be inadequate at expressing decision complexity. There have been efforts to extend traditional techniques, such as PROTRADE (Goicoechea et al. 1982 ), which could be described as the stochastic compromise programming technique. The problem, though, is that not all uncertainties fit the probabilistic classification. The theory of fuzzy sets, which is a theory of possibility, is not dissimilar to probability theory.
In fact, they can be considered complementary. Fuzzy membership functions have a similar appearance to probability distribution functions. However, there are some inherent differences. A probability distribution function provides the probability of specific values occurring.
A fuzzy membership function acknowledges that we may not be completely sure what values are being talked about.
Statistical precision can be independent of our classification of an event. In many cases, there may not be enough data to make probabilistic predictions with confidence. The dependence of stochastic applications on distribution functions can be restricting and misleading because of the intensity of data requirements. The difference between fuzzy and probabilistic functions is not always so clear. In general, fuzzy sets provide an intuitive and flexible framework for interactively exploring a problem that is either ill-defined or has limited available data.
Fuzzy decision-making techniques have addressed some uncertainties, such as the vagueness and conflict of preferences common in group decision making (Blin 1974; Siskos 1982; Seo & Sakawa 1985; Felix 1994; and others) , and at least one effort has been made to combine decision problems with both stochastic and fuzzy components (Munda et al. 1995) . Application, however, demands some level of intuitiveness for the decision-makers and encourages interaction or experimentation such as that found in Nishizaki & Seo (1994) . Authors such as Leung 
subject to
where X is a feasible region defined as:
where R is a set of real numbers, g i (x) is a set of constraints and x is a set of decision variables.
Every feasible solution to the problem (1), i.e. all x [ X, implies a value for each objective, i.e. Z k (x), k = 1, … , p. The p-dimensional objective function maps the feasible region in decision space X into the feasible region in objective space Z(x), defined on the p-dimensional vector space.
In general, one cannot optimize a vector of objective functions (Haimes & Hall 1974 
where L j is the distance metric, f p i is the optimal value of the ith criteria, f i,j is the value of the ith criteria for alternative j, f i,w is the worst value of the ith criteria, w i are weights indicating decision-maker preferences with respect to different criteria and p is a parameter (1 # p # 1).
In Equation (4), each criterion is to be given a level of importance, or weight w i , provided by the decision-makers. where L j is the distance metric, f p i is the optimal value of the ith criteria, f i,j is the value of the ith criteria for alternative j, However, it should be noted that some of the inputs could remain in deterministic form provided the level of confidence about their accuracy is satisfactorily high. In this way a combination of fuzzy and deterministic inputs can also be handled by the FCP approach. Measurement of the distance between an ideal solution and the perceived performance of an alternative can no longer be given as a single value, because many distances are at least somewhat valid.
Choosing the shortest distance to the ideal solution is no longer a straightforward ordering of distance metrics, because of overlaps and varying degrees of possibilities.
The resulting fuzzy distance metric has the following form:
whereL j is the fuzzy distance metric,f i;w is the fuzzy worst value of the ith criteria,f i;j is the fuzzy value of the ith criteria for alternative j,f p i is the fuzzy optimal value of the ith criteria,p is a fuzzified parameter (1 # p # 1),w i are fuzzified weights indicating decision-maker preferences, i = 1, n criteria and j = 1, m alternatives. Equation (6) contains a great amount of additional information about the consequences of a decision and the effect of subjectivity. Non-fuzzy distance-based techniques measure the distance from an ideal point, where the ideal alternative would result in a distance metric, L: X ! {0}. In the Fuzzy Compromise Programming approach, the distance is fuzzy, such that it represents all of the possible valid evaluations, indicated by the degree of possibility or the membership value. Alternatives, which tend to be closest to the ideal solution, may be selected.
Literature is available on the techniques for encoding information in a fuzzy set in order to generate input fuzzy sets.
Articles on demonstrating decision problems with qualitative or subjective criteria are many. Fuzzy sets are able to capture many qualities of relative differences in perceived value of criteria among alternatives. Placement of modal values, along with curvature and skew of membership functions can allow decision-makers to retain what they consider the degree of possibility for subjective criteria values. As a subjective value, criteria weights may be more accurately represented by fuzzy sets as shown by Despic & Simonovic (2000) for the flood management problem domain.
In Equation (6) Adolphe is the closest community upstream from the floodway inlet and gate structure, it is the one which is most heavily influenced by the floodway operation. In normal operations of the floodway, the backwater that it produces extends many kilometers upstream beyond St.
Adolphe. As a result its operation is frequently responsible for heavy damage to the community and surrounding areas. KGS Group (2000) data are used to arrive at the depthdamage relationship for buildings:
where y is the dollar value of damage to buildings; and x is the floodwater depth.
Damage to roads is expressed (KGS Group 2000) as the relationship between the monetary value of damage and the total length of submerged roads:
where rd is the dollar value of damage to roads and L is the total length of flooded roads.
Agricultural damage assessment depends on the time of year and the type of crop in the region of interest. Though spatial variability in crop type would be there in the study region, an accurate account of such raster data was not available. Therefore, only one crop, namely, R.S. Wheat, is assumed to be in the agricultural fields at the time of flooding. The following relationship is used to assess the agricultural damage in the region (KGS Group 2000):
where ad is the dollar value of agricultural damage, yield is the expected yield (fraction of optimum) as a function of seed date, cp is crop percentage of a typical distribution (cp = 1 in this case), A is the area of cropland (acres) and price is the three-year average price of the crop ($/bushel).
Numerical analysis
The The importance of the maximum deviation from the ideal solution, accounted for by variable p in Equation (5), is also the necessary input for the deterministic analysis. In this case study, a single value of p = 2 is used in the evaluation of all alternatives. Selection of this value is based on the results produced by Simonovic (1989) , wherein it is determined that a selection of p = 2 can be used as a reasonable approximation of the best compromise alternative from a set of potential compromise solutions.
Fuzzy spatial multi-objective analysis is performed by fuzzifying the criteria image inputs. Through the application of fuzzy set theory the vagueness or uncertainties associated with stakeholder preferences, the parameter p and criteria values can be addressed in an efficient and accurate manner.
Fuzzification of criteria images is performed using the environment of MathWorks' Fuzzy Logic Toolbox of 
The parameters a and b locate the "feet" of the triangle and the parameter c locates the peak as shown in Figure 5 (a). The choice of triangular membership has been made due to its characteristic that this function expands a crisp value on both sides to convert a value into a range format. For example, a crisp value of "4" can be converted to a range of "3.5 to 4.5" while keeping the value "4" as the peak value. This is a fairly convenient way of fuzzifying any number.
Among images: (a) for the weight set 1, (b) for the weight set 2 and (c) for the weight set 3. Figure 6 shows the ranking of alternatives after the application of the spatial deterministic multi-objective analysis. Figure 
Comparison of deterministic and fuzzy analyses
Looking at all three sets of experiments for weight set 1 (equal weights assigned to both criteria), it is observed in Figures   6 (a), 7(a) and 8(a) that alternative "Dike" provides the highest protection for most of the case study region except for the left bank of the Red River, where alternative "Floodway 2" is found to be providing better protection, and some scattered spots where alternative "Floodway 1" offers better protection.
The spatial fuzzy approach using T-MF (Figure 7 (a))
illustrates that alternative "Floodway 1" provides the highest protection for most of the study region and alternative "Floodway 2" offers protection to some buildings, roads and the floodplains on both sides of the river. The SFCP approach using Z-MF indicates that alternative "Floodway 2" is the best compromise for most of the region and alternative "Floodway 1" is recommended for some scattered locations. A point to note here is that alternative "Dike" dominates the deterministic analysis, alternative "Floodway 1" provides better protection to most of the region in the SFCP analysis using T-MF and "Floodway 2" dominates the entire region using 
Comparison of SFCP with T-MF for three different weight sets
The results of spatial fuzzy compromise programming analyses with a triangular membership function obtained for three different weight sets are shown in Figure 7 . For the case of equal weights assigned to both criteria, alternative "Floodway 2" is the best compromise for the floodplains and some of the roads and buildings. For the rest of the region alternative "Floodway 1" is preferred. Weight set 2, in which less importance has been given to the criterion "flood depth", produced a ranking of the alternatives as shown in Figure   7 (b). It can be noted that alternative "Floodway 2" is suitable for the protection of some buildings and floodplains (a little less compared to weight set 1 ranking). Weight set 3, in which less importance has been given to damage and more importance to flood depth, shows "Floodway 2" being more effective for the left bank floodplain and "Floodway 1" for some locations, while the alternative "Dike" protects most of the area including the right bank floodplain.
Comparison of SFCP with Z-MF for three different weight sets
Results of the fuzzy analyses with Z-MF are shown in 
